Abstract.-In phylogenetic analysis, one possible approach to minimize missing data in DNA supermatrices consists in sampling sequences from different species to obtain a complete sequence for all genes included in the study. We refer to those complete sequences as composite taxa because DNA sequences that are combined belong to different species. An alternative approach is to analyze incomplete supermatrices by coding unavailable DNA sequences as missing. The accuracy of phylogenetic trees estimated using matrices that include composite taxa has recently been questioned, and the best approach for analyzing incomplete supermatrices is highly debated. Through computer simulations, we compared the phylogenetic accuracy of the 2 competing approaches. We explored the effect of composite taxa when inferring higher level relationships, that is, relationships between monophyletic groups. DNA sequences were simulated on a 42-taxon model tree and incomplete supermatrices containing different percentages of missing data were generated. These incomplete supermatrices were analyzed either by coding the missing data with "?" or by reducing the amount of missing data through the combination of 2 or more taxa to generate composite taxa. Of 180 comparisons (18 simulation cases with 2 different inference methods and 5 levels of incompleteness), we observed significantly higher phylogenetic accuracies for composite matrices in 46 comparisons, whereas missing data matrices outperformed composites in 8 comparisons. In all other cases, the phylogenetic accuracy obtained with composite matrices was not significantly different from that of missing data matrices. This study demonstrates that composite taxa represent an interesting approach to minimize the amount of missing data in supermatrices and we suggest that it is the optimal approach to use in phylogenomic studies to reduce computing time.
With advances in molecular techniques, a large number of DNA sequences are rapidly becoming available for an increasing number of species. This wealth of genetic information can be used to improve the accuracy of phylogenies, given that consistent phylogenetic methods are applied (Hillis et al. 1996) . Inclusion of longer DNA sequences (Huelsenbeck and Hillis 1993; Hillis et al. 1994; Wiens 2003; de Queiroz and Gatesy 2007; Telford 2007 ) and increased taxon sampling (Graybeal 1998; Hillis 1998; Rannala et al. 1998; Zwickl and Hillis 2002; Delsuc et al. 2005; Leebens-Mack et al. 2005; Hedtke et al. 2006; Telford 2008 ) provide more power to infer the "correct" evolutionary tree (Sanderson et al. 1998; Telford 2008) . The simultaneous analysis of a large number of genes also minimizes the adverse effects of lateral gene transfers (Doolittle 1999; Lerat et al. 2003) and duplications (Page 2000) . An increasing number of phylogenomic studies are published for data sets including more than 100 genes (e.g., Lerat et al. 2003; Rokas et al. 2003; Driskell et al. 2004; Fitzpatrick et al. 2006; Nishihara et al. 2007; Wildman et al. 2007; Dunn et al. 2008; Zou et al. 2008) .
Two opposite views have been proposed as to how to incorporate the growing amount of data to infer evolutionary relationships. Whereas the combined approach (sensu de Queiroz 1993) combines different data sets in a supermatrix (Eernisse and Kluge 1993; Kluge and Wolf 1993; Gatesy et al. 2004; de Queiroz and Gatesy 2007) , the consensus approach (sensu de Queiroz 1993) analyzes data sets separately, and the resulting trees are then combined with a consensus (Swofford 1991; Farris et al. 1995; Huelsenbeck and Bull 1996) or a supertree method (Sanderson et al. 1998 ; Bininda-Emonds et al.
2002; Bininda-Emonds 2004a)
. The pros and cons of these competing approaches have been debated at length in the literature (de Queiroz et al. 1995; Huelsenbeck et al. 1996a Huelsenbeck et al. , 1996b Wiens 1998a; Bininda-Emonds 2004b; Crandall and Buhay 2004; Gadagkar et al. 2005; Philippe, Delsuc, et al. 2005b; de Queiroz and Gatesy 2007; Nishihara et al. 2007) .
When the combined approach is used, the concatenation of numerous genes from different species often results in a supermatrix with missing data. Indeed, a taxon bias is observed in sequence databases, with a large number of genes (or whole genome) sequenced for a few key species thus leading to large supermatrices dominated by missing data (Crandall and Buhay 2004; Driskell et al. 2004; Philippe, Delsuc, et al. 2005b; Wiens 2006; Telford 2008) . Different methods have been employed to handle missing data, such as removing incomplete taxa or simply coding the data as missing (see reviews by Wiens and Reeder 1995; Wiens 2006) . Whereas the former method discards a large number of potentially informative characters, the second may cause a decrease in phylogenetic resolution (Huelsenbeck 1991; Wiens and Reeder 1995; Flynn et al. 2005) . However, recent computer simulations have shown that the misplacement of an incomplete taxon on a phylogenetic tree is often due to poor character sampling rather than the amount of missing data and that this effect can be alleviated by adding characters (Wiens 2003; Philippe et al. 2004) . Also, although an unbalanced distribution of missing data within a matrix can bias the estimation of model parameters, this effect is less important than the benefit gained from adding an incomplete taxon that breaks a long branch (Philippe et al. 2005b; Wiens 2005 ).
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An alternative approach is now often used to circumvent the presence of missing data in supermatrices: the construction of composite taxa (e.g., Shoshani and McKenna 1998; Scally et al. 2001; Asher et al. 2004; Springer et al. 2004; Poux et al. 2006; Telford 2007; Beck 2008) . To obtain such composite taxa (or chimeric taxa), sequences from different species are combined within a monophyletic group, defined a priori to form a complete sequence for all the genes included in the analysis (Shoshani and McKenna 1998) . When using composites, taxonomic relationships are usually inferred at a level higher than the one of the taxa used to create composites. Hence, species from different genera (e.g., Beck 2008) or even above the generic level (e.g., Scally et al. 2001 ) may be combined to form composite taxa when inferring relationships among orders. An important assumption when creating composite taxa is that each composite is monophyletic relative to the other taxa included in the analysis (Nixon and Davis 1991; Prendini 2001; Scally et al. 2001; Malia et al. 2003; Springer et al. 2004) . Composite matrices include a different number of composite taxa depending on the number of available sequences and the amount of missing data in each sequence. Although some studies included only 1 composite taxon in their analyses (e.g., Flynn et al. 2005; Marek and Bond 2006) , most studies incorporated a substantial amount of composite taxa (e.g., 12/28 taxa: Madsen et al. 2001 ; 25/52 taxa: Philippe et al. 2007; 6/58 taxa: Duvall et al. 2008 ). In the field of phylogenomics, the composite approach will certainly be opted more often given that an increasing number of genes will become available for an increasing number of taxa. Phylogenomic studies of higher level relationships that include a single composite taxon to represent each terminal can readily be found. For examples, Delsuc et al. (2006) combined 38 species to form 14 composite taxa and Bourlat et al. (2008) combined 168 species into 37 composite taxa. Malia et al. (2003) have evaluated the effect of the composite approach by reanalyzing the data of Madsen et al. (2001) and concluded that the use of composite taxa can suggest evolutionary relationships that are not supported when the matrix is analyzed with missing data. Therefore, they recommend analyzing incomplete data matrices as is, that is, with the missing data, although they observed a decrease in phylogenetic resolution (i.e., polytomies within lower level groups due to the inclusion of taxa with no overlapping sequences). Even if composite taxa have been increasingly used in recent studies, the performance of this approach has never been assessed with respect to the analysis of complete data matrices. Also, the phylogenetic accuracy obtained with matrices that include composite taxa has not been directly compared with that of missing data matrices in a simulation framework. The simulation approach represents a powerful tool to investigate the accuracy of phylogenetic methods under controlled conditions and with fixed parameters (Hillis 1995; Huelsenbeck 1995; Wiens 1998b) . Even though simulations represent a simplified version of the reality and cannot encompass the full range of possible cases, they can be used to predict the accuracy of the results when the actual phylogeny is unknown (Hillis 1995; Wiens 1998b) . The main objective of this study was to explore the phylogenetic accuracy of composite taxa in retrieving the "true" relationships among clades. Through simulations, we compared the relative performance of composite matrices versus missing data matrices and also to the ideal situation of a complete data matrix.
METHODS
In this study, we compared the performance of 2 competing approaches when analyzing incomplete matrices, either by coding missing data as " ? " or by forming composite taxa to reduce the amount of missing data. As is usually the case when composite taxa are used, we were interested in recovering higher level relationships, that is, relationships among monophyletic groups. The data sets analyzed consisted in DNA sequence matrices simulated on a known phylogenetic tree (referred to as the model tree). The following parameters, involved in the formation or in the analyses of the data sets, were investigated:
1. Model tree (MT). Two different branch length ratios of the model tree were used: one with short terminal branches (MT S ) and the other with long terminal branches (MT L ). 2. DNA sequence length (L). Three different sequence lengths were used: 1500, 8362, and 20,000 bp. 3. Model of DNA evolution. A simple model (JukesCantor, JC) and a more complex model (transversional model, TVM) were used as models of substitution to simulate the evolution of DNA sequences on the MT. 4. Level of matrix incompleteness (I). DNA sequence matrices were analyzed with 5 different levels of matrix incompleteness: 5%, 15%, 30%, 50%, and 75% of missing data. 5. Inference method. neighbor joining (NJ) and maximum likelihood (ML) methods were used to infer phylogenetic trees:
(a) For DNA sequences simulated under a JC model: NJ distances were corrected with a JC model (NJ-JC), and ML analyses were performed using a JC substitution model (ML-JC). (b) For DNA sequences simulated under a TVM model: NJ was corrected either with a JC or with a TVM + Γ + I model (NJ-JC and NJ-TVM), and ML analyses assumed a JC or a TVM + Γ + I model (ML-JC and ML-TVM).
6. Matrix size. The formation of composite taxa automatically results in a reduction of matrix size. Therefore, in addition to comparing composite matrices to missing data matrices that included all taxa, we also compared composite matrices 562 SYSTEMATIC BIOLOGY VOL. 58 to missing data matrices with a reduced number of taxa corresponding to the sizes of composite matrices. 7. Nonmonophyletic composites. One important assumption of composite matrices is that all taxa are combined within a monophyletic group. We tested the effect of violating the monophyly assumption by creating nonmonophyletic composites that combined sequences of taxa from different clades.
Simulation of DNA Sequences All simulations were performed using a model tree (MT) of 42 taxa representing 10 monophyletic groups of 4 taxa and 2 outgroups (Fig. 1) . The relationships among the 10 monophyletic groups are represented by the internal branches among clades or "backbone" of the tree (BB: bold lines in Fig. 1 ). For all simulations, 2 different ratios of between-clade to within-clade branch lengths were used: a 1:3 ratio (MT L ), corresponding to longer terminal branch lengths with respect to internal branch lengths, and a 1:0.6 ratio (MT S ), corresponding to terminal branch lengths 5 times shorter than those on MT L . Branch lengths on MT L were derived from a ML analysis of BRCA1 sequences from 52 species representing all orders of Eutherian mammals , and thus approximate branch lengths obtained with real data. Internal branches among clades were relatively short (0.005-0.1 substitutions per site), whereas the majority of branches within clades were relatively long (0.01-0.3 substitutions per site).
To generate complete data matrices (Fig. 2a) , DNA sequences were simulated on MT S and MT L , using SeqGen, version 1.3.2 (Rambaut and Grassly 1997) . A simple and a more complex model of sequence evolution were employed. The first model of evolution assumes equal base frequencies and equal substitution rates (Jukes and Cantor 1969) , whereas the second model was selected to represent more accurately the complexity of DNA substitutions observed in real sequence data. Namely, a TVM (Posada and Crandall 1998 ) with a gamma distribution (Γ : Yang 1993) and with invariant sites (I) was used (TVM + Γ + I). The equilibrium frequencies of nucleotides A, C, G, and T were g A = 0.4054, g C = 0.3160, g G = 0.052, and g T = 0.2243 and the relative substitution rates were r AC = 0.1450, r AG = 4.5789, r AT = 0.3872, r CG = 0.4051, r CT = 4.5789, r GT = 1.0, and parameters α and I were 0.4367 and 0.3088, respectively. To test the effect of character sampling, 3 different matrix sizes were simulated: 1500 bp (5 hypothetical genes of 300 bp), 8362 bp (15 genes with lengths corresponding to those used by Murphy, Eizirik, Johnson, et al. 2001) and 20,000 bp (20 genes of 1000 bp). One thousand replicates were simulated for each combination of parameters.
Missing Data Matrices
Missing data matrices (Fig. 2b) were derived from the complete matrix by deleting, at random, an increasing number of genes, that is, 5%, 15%, 30%, 50%, or 75% of the total number of genes in the ingroup taxa. We ensured that all species had at least 1 gene in common to avoid undefined distances and to increase resolution when inferring the phylogenetic tree. In all cases, the 2 outgroup sequences were kept complete.
Composite Matrices
The missing data matrices were used to generate composite taxa ( Fig. 2c and Table 1 ) using the following criteria (which were implemented in a homemade computer program):
1. When all taxa within a monophyletic group had complete sequences, no composite taxon was formed. 2. When only 1 taxon within a monophyletic group had missing data, no composite taxon was formed in that clade and all taxa were used in the analyses, including the taxon with missing data. 3. When 2 or more taxa had missing data within a monophyletic group, all possible composites of 2 563 FIGURE 2. Schematic representation of the simulation procedure. a) One thousand complete DNA sequence matrices of different sizes (L = 1500, 8362, and 20,000 bp) were simulated on a model tree with short and longer branches (MT S or MT L ) using a JC or a TVM following a gamma distribution with invariant sites model of evolution. b) A number of genes were randomly deleted from the complete matrix to generate matrices with 5%, 15%, 30%, 50%, or 75% of missing data. c) From the missing data matrices, composite matrices were generated by combining taxa within each monophyletic group to minimize the number of missing data. d) For each type of matrix, the number of replicates that inferred a phylogenetic tree with a backbone identical to that of the model tree was calculated using 2 different phylogenetic methods: NJ and ML. The combination chosen to generate the composite was the one that minimized the amount of missing data that remained in the matrix, once the composites were formed.
Matrix sizes varied according to the number of composites created. Average number of taxa and proportion of missing data included in composite matrices are given in Table 1 for composite matrices of different sequence lengths and levels of incompleteness.
Matrix Size
To untangle the effect of composite formation from that of matrix size reduction inherent to composite formation, we compared composite matrices to missing data matrices of equal sizes. To generate missing data matrices of reduced sizes, the taxa with the highest proportion of missing data were deleted, until we obtained a matrix with a size equal to that of the corresponding composite matrix. At least 1 taxon was kept in each monophyletic group.
Nonmonophyletic Composites
Nonmonophyletic composites were created by selecting at random genes from 2 species belonging to sister groups, while keeping the other taxa complete, thus generating matrices with 41 taxa. To reproduce the unconscious error that is made when nonmonophyletic composites are used, we arbitrarily labeled the nonmonophyletic composite with 1 of the 2 species and thus decided that it belong to 1 of the 2 clades. However, when inferring a phylogenetic tree from such a nonmonophyletic composite matrix, the nonmonophyletic taxa would be, in theory, correctly placed in any 2 of the "parental" clades. Preliminary analyses have shown that accuracy values were indeed very low when the nonmonophyletic composite taxon was kept as a terminal taxon when assessing accuracy (see Results). Therefore, we removed the nonmonophyletic composite taxon following phylogenetic inference, but before assessing phylogenetic accuracy of the inferred trees. Thereby, we investigated the potential effect that a nonmonophyletic composite might have had on higher level relationships during phylogenetic inference.
Topological Accuracy of Inferred Trees A phylogenetic tree was estimated from each complete, missing data or composite data set, using 2 different phylogenetic methods: NJ (Saitou and Nei 1987) and ML. Missing data matrices were analyzed with the missing data coded as "?" in the matrix. NJ distances were corrected with a JC or a TVM model, with parameters identical to those used to simulate DNA sequence data, in PAUP* 4.0 (Swofford 1998) . ML was used either with a JC or with a TVM model, with base frequencies, proportion of invariable sites and gamma distribution parameters estimated for each data set, using the optimized BIONJ input tree option in PHYML, version 2.4.4 (Guindon and Gascuel 2003) . The NJ and ML analyses were performed on 10 Power Mac G5, with PowerPC 970MP processors (2 × 2.5 GHz).
To compute phylogenetic accuracy, the estimated phylogenies were compared with the model tree. We used the concept of accuracy as defined by Hillis (1995) , that is, the percentage of correctly inferred trees (p). To facilitate comparison across matrices with different numbers of taxa, and because we were only interested in higher level relationships, accuracy was restricted to the percentage of correctly inferred backbone (p BB ), that is, the number of replicates for which (i) the 10 monophyletic groups were recovered (regardless of the relationships within each clade) and (ii) the relationships among the clades were correctly inferred (bold part in Fig. 1 , also shown in Fig. 2d ). To determine if the inferred tree had a backbone identical to the MT, we constructed 2 different constraints in PAUP*. The first constraint verified that all 10 groups were monophyletic, and, the second, that the relationships among the 10 groups were accurately recovered. To accommodate matrices of different sizes, the constraints had to be modified for each replicate to represent the taxa in the composite matrix and in missing data matrices of reduced sizes. Phylogenetic accuracy was calculated as the number of inferred trees that satisfied both constraints. Significant differences in accuracy values between different data sets were assessed using a Pearson's chi-squared test in the R Stats Package (R Development Core Team 2007). To keep the experimentwise error rate at a 0.05 level, we applied a Bonferroni correction for multiple tests (Rice 1989) , by dividing the α value by the number of comparisons made in each of the 18 simulation cases (i.e., 10 or 20 comparisons). One thousand replicates were analyzed except for larger matrices for which only 100 replicates were analyzed with ML (see Results).
RESULTS
To compare missing and composite matrices, 18 different cases were analyzed (Table 2 ). For clarity, these different cases are labeled 1-18. Each case represents 1 of 3 sequence lengths simulated under a JC or ML model (Table 2a, (Table 2a, c vs. 2b, d) . Both NJ and ML were used as inference methods. In Table 2a and b, where DNA sequences were simulated under a JC model, a JC correction was used to infer the tree (i.e., NJ-JC and ML-JC). In Table 2c and d, where DNA sequences were simulated under a TVM model, both the JC and the TVM corrections were used to analyze the data sets (i.e., NJ-JC, ML-JC, NJ-TVM, and ML-TVM). In addition, for each of these 18 cases, 5 different levels of incompleteness (I) were analyzed with both NJ and ML, for a total of 180 comparisons between composite and missing data matrices.
Model Trees (MT S vs. MT L )
For complete, missing data and composite matrices, phylogenetic accuracy values (p BB ) obtained with DNA sequences simulated on MT S (model tree with short terminal branch lengths) were similar to those obtained from data sets simulated on MT L with a JC model of evolution (Table 2a , c vs. 2b). However, when matrices simulated under an identical model of evolution were compared, accuracy values were higher for MT S data sets than for MT L data sets (Table 2a vs. 2b and 2c vs. 2d). Accuracy values were much lower for MT L data sets simulated under a more complex model of DNA Notes: Complete (0% missing) and missing data (5-75% missing) matrices included 42 taxa, whereas composite matrices were of varying sizes (as presented in Table 1 ). DNA sequences were simulated under (a) a JC model on a model tree with short terminal branch lengths (MT S ), (b) a JC model on a model tree with long terminal branch lengths (MT L ), (c) a TVM following a gamma distribution with invariant sites model on MT S , and (d) a TVM model on MT L . Two different phylogenetic methods (NJ and ML) were used to analyze the data sets with a JC or TVM correction (i.e., NJ-JC, NJ-TVM, ML-JC, and ML-TVM). The 18 different simulation cases are identified by circled numbers to facilitate their references in the text. Accuracy values for composite matrices were compared with corresponding missing data matrices, using a chi-squared test adjusted with a Bonferroni correction. Shaded cells represent values that were significantly higher. However, accuracy values that did not remain significant when composite matrices were compared with missing data matrices of equal sizes are marked with an asterisk. Phylogenetic accuracy was calculated from 1000 replicates except for Cases 9, 12, 14, 15, 17, and 18, where only 100 replicates were analyzed with the ML method.
substitution (Table 2d) , except for larger data sets (8362 and 20,000 bp) analyzed with ML-TVM (and to a lesser extent with NJ-TVM: Cases 17 and 18). Shorter sequence data sets (i.e., 1500 bp) generally failed to recover the MT backbone, regardless of the inference method used (p BB ranging from 0% to 5.4%: Cases 13 and 16). Preliminary analyses have revealed that branch length variations had an impact on phylogenetic accuracy, especially at more extreme branch length ratios (results not shown). For both complete and composite matrices, the phylogenetic accuracy decreased as a function of branch length ratios (i.e., internal branch length/terminal branch length). For more extreme ratios (1:8 to 1:10), accuracy values were very low (smaller than 15%). On the contrary, when branches among clades were longer relative to those within clades, the backbone of the model tree was always recovered.
DNA Sequence Lengths (L)
In all cases, we observed an increase in p BB with an increase in DNA sequence lengths (Table 2 ). For shorter sequences (i.e., 1500 bp), p BB ranged from 0% to 100%. For matrices of that length, the highest accuracy was observed for DNA sequences simulated under a JC model on MT S (Case 1), whereas the lowest accuracy was observed with DNA sequences simulated under TVM on MT L (Cases 13 and 16). In such cases, complete, composite, and missing data matrices could barely recover the MT backbone, regardless of the inference method (p BB ranging from 0% to 3.8%). Much higher p BB were observed for longer sequence lengths. Close to 100% accuracies were obtained for sequences of 20,000 bp (Cases 3, 6, 9, and 12). Accuracy values obtained for Case 18 were also close to 100%, but only when data sets were analyzed with ML-TVM (up to 98.0% accuracy) and to a lesser extent with NJ-TVM (up to 89.3% accuracy). Data sets with an intermediate sequence length (8362 bp) showed accuracy values similar or slightly lower than those obtained with sequence length of 20,000 bp.
Model of DNA Evolution
We observed similar trends in phylogenetic accuracies for data sets simulated under both evolutionary models (JC and TVM: Table 2a-d). However, p BB for data sets simulated using the JC model were higher than p BB values for the corresponding data sets simulated using the TVM model. The decrease in accuracy for data sets simulated under the TVM model was even more pronounced for data sets of shorter sequence lengths and simulated on MT L .
Level of Matrix Incompleteness (I)
In general, complete matrices (I = 0%) showed higher accuracy values than the corresponding composite and missing data matrices. In some cases (i.e., I = 5%), p BB obtained for complete matrices were very close or equal to that of composite and missing data matrices. At best (Cases 2, 3, 6, 9, and 12), 100% accuracy was recorded for 567 nearly every level of incompleteness and for both inference methods. For composite and missing data matrices, p BB decreased as a function of the proportion of missing data, except in 2 cases (Cases 14 and 15), where accuracy values significantly increased with missing data (at I = 5-30%). Interestingly, this only occurred for DNA sequences simulated under a TVM model on MT L and analyzed with NJ-JC (the increase observed with ML-JC is not significant). In most cases, accuracy dropped drastically at higher level of incompleteness (I = 50% or 75%).
Inference Method
In general, NJ and ML results exhibited identical trends for the different parameters. For cases where accuracy values were not 100% (i.e., data sets with shorter DNA sequences or high proportion of missing data), ML performed better than NJ. However, in Table 2d , NJ performed better than ML, but only when NJ-TVM results are compared with ML-JC. Accuracy values obtained for ML analyses using a more complex evolutionary model (TVM) were always greater than when the JC model was used (Table 2c and d: ML-TVM vs. ML-JC).
Comparison of Composite and Missing Data Matrices
Significantly higher p BB were obtained for composite matrices relative to the corresponding missing data matrices, mostly at intermediate levels of incompleteness (46 of 180 comparisons: shaded cells in Table 2 ). On the other hand, missing data matrices performed significantly better than composite matrices in only 8 comparisons, which were all simulated under a simple model of evolution and with high levels of missing data (Table 2a and b ). It appears that composites outperformed missing data matrices more often in cases where shorter sequences were analyzed (Cases 1, 4, 7, and 10). For larger data sets (i.e., 8362 and 20,000 bp), composite matrices significantly outperformed missing data matrices for at least 1 level of incompleteness in most cases. Significant comparisons for TVM data sets simulated on MT S involved primarily composite matrices at I = 50%, whereas significant comparisons were observed for a greater range of I (from 5% to 50%) for TVM data sets simulated on MT L . In Table 2c and d, the benefit gained from the analysis of composites disappeared when the matrices were analyzed with ML-TVM.
Matrix Size
For all the 46 comparisons where composite matrices performed significantly better, we reanalyzed missing data matrices by deleting some taxa to compare matrices of equal sizes (Table 1) . When the reduced missing data matrices were compared with the original missing data matrices that included all taxa (n = 42), accuracy values increased significantly in 11 cases (of 46), whereas it significantly decreased in 8 cases. When the reduced missing data matrices were compared with the corresponding composite matrices, 41 of 46 comparisons remained significantly different. From the 5 comparisons that did not remain significant (marked with an asterisk in Table 2 ), 4 were observed for data sets simulated under a TVM model on MT L , where both the missing data and composite approaches performed rather poorly (accuracy values ranging from 0% to 36%: Table 2d ).
Nonmonophyletic Composites
As predicted, we noted an important decrease in accuracy values when the monophyly condition was violated, that is, when the nonmonophyletic composite was kept as a terminal taxon when assessing accuracy. Even though only 1 nonmonophyletic composite was created per matrix, accuracies only reached a maximum of 55% for the 18 cases tested (results not shown). However, a large part of the reduction in accuracy can be explained by the incompatibility of the inferred trees with the first constraint (testing the monophyly of the clades). When the nonmonophyletic composite taxon was deleted before scoring the inferred trees for phylogenetic accuracy, the values greatly increased. Table 3 reports accuracy values obtained from nonmonophyletic composite matrices, where the nonmonophyletic composite taxon was pruned from the inferred trees. Accuracy values in such cases are highly similar to values obtained from the analysis of composite matrices with low level of incompleteness (i.e., from 5% to 30%).
DISCUSSION

Model Tree
In our study, 2 different branch length ratios were used on the same model tree topology (MT S and MT L ). Our results indicate a better phylogenetic accuracy for trees inferred from data sets simulated on MT S , when an identical model of DNA evolution was used (Table 2a Notes: The nonmonophyletic taxon was pruned from the tree before assessing accuracy. Average accuracy values were calculated from 1000 replicates except for data sets corresponding to Cases 9, 12, 14, 15, 17, and 18 (in Table 2 ), where only 100 replicates were analyzed for the ML analysis. Abbreviations are as given in Table 2. 568 SYSTEMATIC BIOLOGY VOL. 58
vs. 2b and 2c vs. 2d). This increase in accuracy values may be explained by the stemminess of the tree, which is the relative length of internal to external branches (Fiala and Sokal 1985) . It has been shown that trees with low stemminess (i.e., longer terminal branch lengths) are harder to estimate. Indeed, lower accuracy values were observed in previous simulation studies for such trees (Fiala and Sokal 1985; Weisrock et al. 2005 ). This trend was also observed in our study, with a decrease in phylogenetic accuracy when external branch lengths were increased relative to internal branch lengths (i.e., MT L ). The decrease in accuracy observed with MT L data sets might also be due to long branch attraction (Felsenstein 1978; Hendy and Penny 1989) , which is most likely to occur for data sets simulated on MT L .
DNA Sequence Length (L)
Our results support studies suggesting that the number of characters included in the analysis is more important than the amount of missing data (e.g., Wiens 2003; Philippe et al. 2004 ). For identical level of incompleteness, we observed a significant increase in phylogenetic accuracy for larger data sets (i.e., values in each row of Table 2 ). For a matrix size of 20,000 bp, we obtained accuracy values close to 100% at all levels of incompleteness, except in 2 cases (Cases 15 and 18, TVM model on MT L ). As the number of characters increases, the impact of missing data decreases, as long as there is sufficient phylogenetic information in the incomplete taxa ).
Model of DNA Evolution
Two different models of DNA evolution were used to simulate data sets (JC, and TVM + Γ + I). Matrices with DNA sequences simulated under a JC model of evolution always provided higher accuracy values relative to TVM data sets (Table 2a, b vs. 2c, d) . These results support the claim that phylogenetic inference is more difficult with sequences that evolved under a more complex model (e.g., Yang 1996; Pollock and Bruno 2000) . Based on this observation, Zwickl and Hillis (2002) disapproved the use of overly simplistic models of DNA substitutions in simulation studies. Simpler models of DNA evolution usually produce accuracy values close to 100% unless simulations also involve other parameters such as an extremely low stemminess of the tree. Additionally, more complex models are certainly more appropriate to represent real DNA sequence evolution.
Level of Matrix Incompleteness (I)
The proportion of missing data in phylogenetic data sets varies from study to study and the distribution of missing data is matrix specific (see review by Kearney 2002 ). In our study, different levels of incompleteness were explored (5-75%), which appropriately covers the proportion of missing data observed with real sequence data. The DNA sequence matrix analyzed by Malia et al. (2003) was characterized by a fairly large amount of missing data (40%), but numerous phylogenomic studies have been published recently with an even greater proportion of missing data. Philippe et al. (2004) have observed maximal accuracy values (100%), when 50% of the data matrix was missing, but with a large data set (30,000 amino acid positions). Studies with as much as 92% missing data can still contain significant information about evolutionary relationships (Driskell et al. 2004) , although some taxonomic groups may be more affected by large amount of missing data . Wiens et al. (2005) have obtained strong support for the placement of incomplete species in their expected clade, with as much as 90% missing data. Furthermore, Wiens (2006) suggested that, with a 2000 bp matrix, accuracy would remain high "even when half of the taxa have 90% of their data cells lacking data." In our study, smaller size matrices (i.e., 1500 bp) failed to recover the MT backbone at every levels of incompleteness when matrices were simulated under a TVM model on MT L .
Still, for data sets of equal sizes, an increase in the amount of missing data will negatively affect accuracy, given that phylogenetic information is reduced. Indeed, a negative correlation between the proportion of missing data and accuracy values has often been reported in the literature (see review by Wiens 2006) . We have also observed a decrease in phylogenetic accuracy with increasing levels of incompleteness, both for missing data and for composite matrices. Phillips et al. (2004) have shown that longer DNA sequences amplified the potential for systematic errors in which case missing data could contribute positively to accuracy by decreasing data set sizes. However, we do not believe that this happened in our analyses because accuracy increased with DNA sequence lengths and because we did not observe higher accuracy values when missing data matrices were compared with complete matrices.
Inference Method
Two different inference methods were used (JC and ML). Similar trends were obtained with both methods, although accuracy values were higher with the ML method for shorter sequence lengths or at high levels of missing data. Both methods performed well with longer DNA sequences (i.e., 8362 and 20,000 bp), except when the data sets were simulated under a TVM model on a MT L tree (Table 2d ). In this later case, both JC and ML failed to recover the MT backbone, except when the appropriate model (TVM) was used to infer the tree. NJ-TVM performed better than ML-JC, most likely because the appropriate corrected distance was used, whereas the simpler model was unsuitable to analyze the TVM data. Indeed, Posada and Crandall (2001) argued that a primordial aspect of phylogenetic inference is to use an optimized model that fits adequately the model of nucleotide substitution of the data.
Comparison of Composite and Missing Data Matrices
Composite taxa are widely used in phylogenetic analysis (e.g., Shoshani and McKenna 1998; Madsen et al. 2001; Scally et al. 2001; Asher et al. 2004 ). However, the study of Malia et al. (2003) was the first to directly compare trees estimated from a data matrix with and without missing data, where missing data were avoided by generating composite taxa. Their study demonstrated that missing data matrices produced a less resolved tree, a phenomenon also observed in other studies (e.g., Wiens and Reeder 1995; Kearney 2002; Flynn et al. 2005) , whereas composite matrices suggested relationships not supported by the underlying data. To the contrary, our simulations clearly demonstrate the validity of composite taxa in phylogenetic analysis. In the vast majority of comparisons analyzed, no significant difference in phylogenetic accuracy was observed between composite and missing data matrices. Furthermore, in some cases, composite matrices performed significantly better than missing data matrices. The reverse is also true, although it occurred less frequently.
Composite matrices generally outperformed missing data matrices for comparisons of data sets with short DNA sequences (i.e., 1500 bp), but also in many cases, with longer DNA sequences (i.e., 8362 and 20,000 bp). The significant differences were observed mostly at intermediate levels of incompleteness. At higher levels, accuracy was so low for both approaches (close to 0%) that we were not able to detect any differences. Also, the proportion of missing data remained very high for most composite data sets at I = 75% (from 55% to 64%: Table 1 ) and thus might conceal the benefit of composite formation. On the other hand, at a lower level of incompleteness (I = 5%), we rarely observed any significant difference between the 2 approaches. At that low level of incompleteness, fewer composites are formed and both approaches are expected to provide accuracy values similar to that of complete matrices given the small amount of missing data. Indeed, this was observed for most cases in Table 2 (when comparing accuracy values at I = 0% vs. 5%).
Matrix Size
It has been suggested that increased taxon sampling has a positive effect on phylogenetic accuracy Lecointre et al. 1993; Graybeal 1998; Hillis 1998; Rannala et al. 1998; Pollock et al. 2002; Zwickl and Hillis 2002) . However, the reverse trend has also been suggested (Poe and Swofford 1999; Rokas et al. 2003; . Therefore, it was important to discriminate the effect of matrix size reduction to that of composite formation. Of 46 comparisons where composites outperformed missing data matrices, 41 comparisons remained significant when missing data matrices were reduced to the size of the corresponding composite matrices. Four of the 5 comparisons that did not remain significant were cases for which phylogenetic accuracy was very low and where both methods performed poorly. In light of these results, we do not believe that the better performance of composite matrices (with respect to missing data matrices) can be explained by a reduction in matrix size.
Nonmonophyletic Composites
As strongly advocated by Scally et al. (2001) and Springer et al. (2004) , the composite approach will infer correct relationships as long as the combined species belong to a true monophyletic group relative to the level at which relationships are inferred (monophyly assumption). However, except for simulations or experimental studies (e.g., Hillis et al. 1992; Sanson et al. 2002) , phylogeneticists do not know the "true" phylogenetic tree and have no guarantee of monophyly for any groups. When creating composite taxa, monophyletic groups are defined based on general knowledge and on previous phylogenetic studies. As a result, it may occur that a nonmonophyletic composite is created involuntarily based on erroneous knowledge and that the nonmonophyletic composite will not be noticed. Thus, we tested the effect of violating the monophyly condition when constructing composite taxa by including 1 nonmonophyletic composite in the data set. We have observed a marked decrease in accuracy when nonmonophyletic composites were included in the analysis: a maximal accuracy of 55%, when only 1 nonmonophyletic composite was included in the matrix. Although, these simulations confirmed the importance of sampling species within a monophyletic group, we also observed that the problem caused by the nonmonophyletic taxon seems to be restricted to the location of the "parental" clades on the tree. Indeed, when the nonmonophyletic taxon was deleted before assessing accuracy, we did not observe a drastic decrease in accuracy when compared with composite matrices. Thus, the effect of including a nonmonophyletic taxon in an analysis is probably not too problematic when one is interested mainly in higher level relationships. However, we have created nonmonophyletic taxa from sister clades and thus the effect on higher level relationships might be more pronounced when more distant clades are combined.
Pros and Cons of Both Approaches
Besides reducing the number of missing entries, the most important advantage of using composite matrices is certainly the reduction in computing time. As reported in Table 1 , composite matrices contain fewer taxa, and the speed of the analysis is greatly increased, especially for ML analyses. In our simulations, the analysis of 1 data set (i.e., 1 replicate) with the ML-TVM method lasted about 2 h for missing data matrices compared with 45 min for the corresponding composite matrix (I = 15%, L = 20,000 bp).
On the other hand, one advantage of the missing data approach is that it does not require any assumption of 570 SYSTEMATIC BIOLOGY VOL. 58 monophyly at a level higher than the species. With the composite approach, prior knowledge of phylogenetic relationships is required, and there is no guarantee that the species combined truly belong to a monophyletic group. Also, whereas the composite approach is restricted to the inference of relationships above the taxonomic level at which composites are formed, relationships within higher level groups can be resolved with the missing data approach.
When forming composite taxa, the number of species representing a higher level taxon automatically decreases. It is probably important to ensure that more than 1 representative per clade are included in the analysis. In a simulation study, Wiens (1998c) has shown that sampling a single species to represent higher level taxa often causes a drastic reduction in phylogenetic accuracy and he strongly recommended sampling multiple species per taxa when inferring higher level relationships.
Conclusions
In summary, composite matrices performed significantly better than missing data matrices in 46 situations: with matrices having few characters and to some extent with larger matrices depending on the phylogenetic method and/or the phylogenetic model used to infer the tree. Given sufficient data and an adequate inference method, both missing data and composite matrix approaches exhibited similar accuracy values for all levels of incompleteness. In a situation that would most likely represent a real data set (e.g., 20,000 bp matrix simulated on the MT L and analyzed with ML-TVM: Case 18) both approaches showed reasonable phylogenetic accuracy values for up to 50% of missing data (69% and 72% at I = 50%). Overall, we have shown that composite matrices perform as well as missing data matrices under various evolutionary conditions and that they generally outperformed missing data matrices in suboptimal phylogenetic conditions (e.g., short DNA sequences). The lower performance observed by Malia et al. (2003) in their reanalysis of composite matrix of Madsen et al. (2001) might be explained by the inclusion of species that did not have any common sequences. In our simulations, we ensured that all species shared at least 1 gene. Also, a problem, analyses of Madsen et al. (2001) , was the inclusion of nonmonophyletic composites. Although, our simulations tend to show that including 1 nonmonophyletic composite does not strongly affect higher level relationships.
With increasing number of sequences available in public databases, different taxa can be selected to generate composites. In light of our results, we believe that the creation of composite taxa represents a valuable approach to reduce the amount of missing data in DNA sequence matrices. The composite approach will probably be increasingly used as more taxa and sequences become available for large-scale phylogenomic studies (Eisen and Fraser 2003; Telford 2007) . We suspect that our conclusions could apply to other types of matrices as well (e.g., morphological data), although it should be further investigated.
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